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a b s t r a c t
The information content of a pool of sequences has been defined in information theory
through enthropic measures aimed to capture the amount of variability within sequences.
When dealing with biological sequences coding for proteins, a first approach is to align
these sequences to estimate the probability of each amino-acid to occur within alignment
positions and to combine these values through an ‘‘entropy’’ function whose minimum
corresponds to the case where for each position, each amino-acid has the same probability
to occur. This model is too restrictive when the purpose is to evaluate sequence constraints
that have to be conserved tomaintain the function of the proteins under randommutations.
In fact, co-evolution of amino-acids appearing in pairs or tuplets of positions in sequences
constitutes a fine signal of important structural, functional and mechanical information
for protein families. It is clear that classical information theory should be revisited when
applied to biological data. A large number of approaches to co-evolution of biological
sequences have been developed in the last decade. We present a few of them, discuss their
limitations and some related questions, like the generation of random structures to validate
predictions based on co-evolution, which appear crucial for new advances in structural
bioinformatics.
© 2010 Elsevier B.V. All rights reserved.
1. Introduction
Protein sequences are chains of amino acids folding into a 3-dimensional structure and forming functionally active
organic compounds in the cell. Protein sequences have evolved along billions of years and generated a number of homologous
sequences, that is sequences with a same common ancestor, that are found today in genomes of living species. Ancestral
sequences mutated through substitution, insertion or deletion of residues. It has been noticed that within a family of
homologous protein sequences observed today, not all positions in the sequence have mutated with the same rate and
that certain parts of the sequence (typically those playing a structural or functional role for the protein) are more conserved
than others. Signals of conservation have been extracted from aligned homologous protein sequences (where the multiple
sequence alignment, in short MSA, aims at piling up similar sub-sequences in the best way) from more than forty years.
In fact, these signals help to detect important functional or structural properties of proteins. Analysis have been based
on the classical notion of information content, and captured numerically the residue variability in a single position of the
MSA, by providing a global numerical score representing the entropy of the set of sequences through the combination of
local information on alignment positions [39,22,3,60,67,47,48,68]. Extra information, such as physico-chemical properties
of the residues and the local preservation of these properties along the MSA were also integrated in the analysis. Numerous
interesting predictions of functional interaction sites on the surface of proteins have been obtained [40,41,5,53,37,15,24].
Yet, these methods demonstrated to work well for detecting interaction sites of a protein with other molecules (that is
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other proteins, RNA, DNA, small molecules, etc) but not for detecting residues involved in allosteric conformations (these
are structural changes affecting the activation or the inactivation of a protein function) or in certain structural features. This
biological information is also coded in protein sequences.
The information content of a biological molecule corresponds to the number of sequence constraints that have to be
conserved to maintain its function under randommutations [1,13]. If a protein sequence occurs in the genome of a species,
it is likely to be also present in the genomes of phylogenetically close species and that its function is maintained. To study
homologous sequences across species through their MSA, means to analyze residue conservation within single alignment
positions, but also to analyze pairs, triplets or blocks of positions and check whether they have been mutating in concert or
not. In biology, the phenomenon of ‘‘parallel’’ mutation is called co-evolution and experimental evidence supports the idea
that this signal is related to structural changes in proteins.
The information content that is intrinsic to co-evolution signals for a pool of aligned protein sequences has a structural
and functional nature. The first attempts to study correlated substitutions of amino acid residues in sets of homologous
sequences [51] have been made about ten years ago. Afterwards, the interest around this topic grew up constantly and
severalmethods investigating evolutionary constraints in proteins have beenproposed. A large variety of approaches coming
from physics, statistics and combinatorics tried to capture these signals in sequences. Sequence-based statistical methods
analyze covariations between positions of aligned sequences by using correlation coefficients [32,26], mutual information
[6,54,31], and deviance between marginal and conditional distributions to estimate the thermodynamic coupling between
residues [42,58,20]. Phylogenetic information has been coupled to the statistical approach to handle more properly those
sequences that display the same degree of covariation [66] (the underlining idea being that the same degree of covariation
could be generated by either a few independent substitutions in early ancestors or correlated changes along multiple
lineages [51,7]). A non-equilibrium molecular dynamics simulation method has also been proposed which measures the
anisotropic thermal diffusion (ATD) of kinetic energy originating from a specific residue. It extracts the signaling pathway in
which the residue is involved in the protein [49]. A sequence-based combinatorial alternative to statistical approaches for
the detection of functionally important co-evolved residue networks using phylogenetic information has been introduced
in [9]. This combinatorial approach is based on the analysis of a set of aligned sequences, on the associated distance tree (that
is, a tree describing the proximity of pairs or subsets of sequences) and on the combinatorics of its subtrees and does not need
structural data nor the knowledge of functional residues as the ATDmethod. Themethod detects sets of co-evolved residues
in a protein, which are close in the three-dimensional structure of the protein and form a connected network covering about
a fifth of the entire protein structure. In a few cases, these networks have been experimentally demonstrated to be involved
in allosteric mechanisms. Finally, those residue positions which are determinant for the highest residue interconnectivity
within a protein family have been shown to be crucial formaintaining short paths in network communication and tomediate
signaling [18,19].
In this article we shall present in some detail several of these mathematical approaches and discuss the fundamental
problemof their validation. Ourmain purpose is to focus on themethodological level,wherewebelieve that an original effort
could bemade in the unification of these approaches towards an appropriate definition of co-evolution and anunderstanding
of the mathematical principles governing it. Sequences hiding correlations between symbols other than positional
conservation, like co-evolution of positions in biological sequences, demand to revisit the classical notion of entropy given
in information theory. In [12], a first step has been made to adapt the classical notion of entropy and information content
to protein sequences by taking into explicit account the distance tree describing similarity between sequences. By so doing,
functional signals are shown to be more sharply detected. A related work, analyzing RNA sequences, is [62].
We shall rapidly discuss the fundamental problem of validating the methods analyzing co-evolution. The bibliography is
not exhaustive but, hopefully, representative of the work done in this field in these last years.
2. Basic notions and motivations
A biological sequence is a string of letters in a fixed alphabet of variable length. This can be a 20 letter alphabet (where
a letter corresponds to an amino-acid, in short aa, also called residue) for proteins, or a 4 letter alphabet (where a letter
corresponds to a nucleotide A, T , C or G) for DNA sequences. There is a map between the two alphabets that allows us
to translate a DNA sequence into a protein sequence. This map is surjective but not injective. Protein sequences have an
average length of 300–400aa, varying in an interval going from 30aa up to approximately 2000aa. Along billions of years
of evolution that transformed and created new species, these sequences have been changing considerably. Today, within
the species that we can observe, we find similar sequences, which diverged more or less radically. Assuming that we can
reconstruct the common ancestor of a set of sequences, we are interested to study the changes within different positions
in the sequences. These signals provide useful information on the evolution of the species. Sequences can evolve by three
different operations: substitution, insertion and deletion of residues. Substitutionmeans that a residue is replaced by another
residue at a given position, insertion means that at a given position the insertion of a new residue is allowed, and deletion
means that a residue is lost at a given position in a sequence. Through these operations, sequences evolve by changing
positional content and length. We call themmutational changes.
Today, given a sequence S, we can find, in available databases, sequences S ′which are homologous to S (that is, sequences
S ′ which share a common ancestor with S, from which they both have evolved). The set of homologous sequences can be
organized into a metric tree where leaves are labeled by sequences (each sequence labels exactly one leaf) and where the
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Fig. 1. Example of multiple sequence alignment. Point mutations appear as different letters (amino acids) in an alignment column, and insertions or
deletions (gaps) appear as hyphens in the alignment sequences. Fully (partially) conserved positions are characterized by a single residue occurring
everywhere (with high frequency) in a column, and co-evolved positions are characterized by several residues within columns such that a mutation in
one column records a mutation in another column.
length of branches illustrates the proximity or the divergence between sequences induced by mutational changes. These
trees turn out to be very useful for studying mutational processes affecting several positions in a sequence [27]. Families
of protein sequences display regions which are more conserved (less mutated) than others as well as sets of conserved
positions, not necessarily close in sequence, which are close in 3-dimensions. These latter often correspond to residues
involved in the interaction of the protein with other proteins, DNA, RNA, ligands, small molecules. The nature of these
interactions might be multiple, spanning among binding specificity, allosteric regulation and conformational change of the
protein. They are important for the function and for the mechanical properties of the protein.
With the large amount of undergoing sequencing, no more positions in sequences are fully conserved (see Fig. 1) and
it is interesting not only to provide a fine measure of conservation but also to give an appropriate one of co-evolution.
It is believed that mutations in non-conserved positions can occur because they are either accompanied or preceded by
compensatory changes in other variable positions. Such compensations would result in a coupling between changes in the
two positions [28]. Clearly, not all mutated positions are under the pressure of co-evolution and the question is to findwhich
ones are. In particular, several positions might be co-evolving together. Pairs of physically non-contiguous sites that evolve
in a similar way, so to insure and maintain protein functionality and structure, are expected to belong to some network
of co-evolving positions. This network is made of a set of residues that are physically connected to each other within the
3-dimensional structure of the protein. These residues might be surface residues or buried in the structure. It is the entire
ensemble of residues in the network that will connect together non-contiguous co-evolved sites.
3. Adaptive evolution in protein sequences: a first level of signal detection
Pioneer approaches in the analysis of evolution of protein sequences used DNA sequences, which are converted into
protein sequences, to determine evolutionary signals from the rate of mutation of nonsynonymous substitutions (that is,
mutations at the DNA level that appear as mutations also at the protein coding level; this is possible because the translation
mapbetweenDNA sequences andprotein sequences is surjective but not injective) versus synonymous substitutions (that is,
DNAmutations that translate in the same residue at the protein level). Severalmodels have beenproposed, and only recently,
the hypothesis that protein sequencesmight be characterized by different evolutionary pressures acting on different sites of
a sequencewas demonstrated to be important for evaluating adaptive evolution, that is evolution that favored an adjustment
of a protein to its environment, by enhancing its fitness.
Searching for adaptive evolution is an indirect way to prove that a protein was exposed to evolutionary pressure. To
detect if a protein is experiencing an excess of nonsynonymous substitution, several methods have been proposed. The
nonsynonymous (dN ) to synonymous (dS) substitution rate ratio (ω = dN/dS) was thought for years to provide a sensitive
measure of selective pressure at the protein level, with ω values <1, =1, and >1 indicating purifying selection (that
is, genetic diversity decreases as the population stabilizes on a particular trait value), neutral evolution (that is, many
of the genetic evolutionary changes do not confer any advantage or disadvantage), and diversifying selection (that is,
nonsynonymous mutations offer fitness advantages and those are fixed in the population at a higher rate than synonymous
mutations), respectively. Different models propose different ways to compute dN and dS . The main problem with most of
these approaches is that they have calculated synonymous and nonsynonymous rates by averaging over all codons (amino
acids). Asmany amino acids in a functional proteinmay be under strong structural and functional constraints, the average dN
is rarely higher than the average dS . As a result, this approach of averaging rates over the entire sequence has little power in
detecting positive selection (that is a selection for a favorable trait that will becomemore common in successive generations
of a population; e.g., [23,56,2,16]).
Recently, the model of codon substitution of [33] (see also [44]) was extended to account for variable selective pressures
amongdifferent sites in a sequence [46,64]. A statistical distribution is assumed for ratios among sites. For example, a discrete
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model might assume two or more site classes, which have different ratios, where proportions and ratios for the site classes
are estimated from the data by maximum likelihood. In such a model, it is assumed that there are several heterogeneous
site classes but which class each site is from, is not a priori known. Such models are referred to as random-sites models.
Application of these models to real data sets has led to detection of positive selection in a number of genes, demonstrating
the importance of accounting for variable selective pressures among sites [70,11,10,25,30,34,50,59] (see [63] for a review).
Consistent with real data analysis, computer simulations also confirmed the power of those methods [4].
Sometimes prior information (such as the tertiary structure of the protein) might be available for partitioning sites in
a protein into different classes, which are expected to be under different selective pressures. Such information could then
be used in the model and fit so that different ratios for site classes are assigned. Some applications are discussed in [35].
Another possible use of suchmodels is the combined analysis of multiple protein-coding genes from the same set of species
to test for their similarities and differences in the substitution pattern. These models have similarities to the relative-ratio
test developed by [45].
As highlighted from these different studies on adaptive evolution, different parts of a protein sequence are characterized
by different rates of evolution (see also [8] for the analysis of different rates of evolution on hydrophobic blocks within
proteins and for the definition of dedicated amino-acid substitution matrices) and this suggests looking for some general
method treating appropriately site classes in proteins, whenever protein structures are known.
4. Approaches detecting residues co-evolution
A number of different approaches to identify conserved and co-evolving positions have been developed. Below, we
shall explain several methods attempting to define conservation and co-evolution. They use sequence information, at times
phylogenetic information coming from trees of distances between sequences, and at times structural information coming
from 3-dimensional structures known for a protein family. Themethods are organized into two groups, a large one based on
statistical approaches and another based on combinatorics.We consider only a few representativemethods here to highlight
a few important conceptual steps.
4.1. Statistical approaches
Observed versus expected frequencies of residue pairs: detection and analysis. A method of calculating co-variance of pairs of
columns in a MSA is to use the sum-of-squares method of [38] based on the following formula
−∑i,j(No−Ne)2
Nt
, where No is
the observed number of pairs of amino-acids in a pair of columns, Ne is the expected number and Nt is the total number of
sequences in the MSA. The two indices i, jwill run over all column indices in the MSA. This equation returns the difference
between the expected and observed pairs of amino-acids for a pair of columns. It returns 0 if one column or both columns
are absolutely conserved, or if the residues in both columns are assorted randomly. This method does not use any structural
nor phylogenetic information of the protein family.
Mutual informationmethods. Shannon’s entropyH for column i in aMSA of protein sequences is ameasure of the randomness
of the residues in the column. It is calculated as H(i) = −∑x p(x, i) log20 p(x, i), where p(x, i) is the frequency of
occurrences of each residue x in column i. The resulting value varies from 0, in the case of complete conservation,
to 1, which occur when all residues are equally distributed. The observed joint entropy of a pair of positions i, j, is
calculated similarly except that a pair of residues is used and that the sum extends over all possible combinations:
H(i, j) = −∑x,y p(x, i, y, j) log20 p(x, i, y, j), where p(x, i, y, j) is the probability of the pair of outcomes x, y at positions
i, j respectively. The joint entropy values vary from 0 to 2. Mutual information MI measures the reduction of uncertainty
about one position given information about the other. This can be thought of as the degree of correlation between two
positions i and j in a MSA, MI(i, j) = H(i) + H(j) − H(i, j). By definition, MI can vary between 0 and 1, with larger values
reflecting a greater level of interdependence between positions.
In the context of MSAs, MI is an attractive metric because it explicitly measures the dependence of one position on
another. Its usefulness has been limited by three factors though:
– positionswith high variability or entropywill tend to have higher levels of both randomandnon-randomMI than positions
of lower entropy, even though the latter are more constraints and they might seemmore likely to suffer of the neighboring
positions [29,43].
– randomMI arises because the alignments do not contain enough sequences for background noise to be negligible. Careful
analysis show that a minimum amount of sequences should be guaranteed to ensure that random noise cannot compete
with non-random signals [43].
– all position pairs present a (part of)MI which is due to the phylogenetic relationships of the organisms represented in the
MSA. This source can be limited if very similar sequences are excluded from theMSA but it cannot be eliminated completely
[43,61].
At the biological level, MI seems to be characterized by several signals, coming from structural-interaction, functional
constraints, random noise and shared ancestry [69]. Thus the challenge is to separate the signal caused by structural and
functional constraints from the others listed above. The effort should go into the removal of interference factors.
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It has been observed that by using the correcting factorMIr defined asMI(a, b)/H(a, b), the influence of entropy can be
partially removed [43].
In [21], the problems caused by phylogenetic closeness have been also partially solved. Let us call MIsf the MI related
to structure and function, and MIb the MI related to background signal coming from entropy and phylogenetic history.
By postulating that each position in a MSA may have a particular propensity towards MIb, and that the MIb between two
positions is the product of their propensities, theMIb associated to two positions i and jmay be expressed as the product of
the propensities. The method defines the mean mutual information of column i as MI(i, x) = 1m
∑
MI(i, x), where n is the
number of columns in the MSA,m = n− 1 for convenience and the summation is over the vector of positions x going from
1 to nwith x ≠ i. Also, we define the overall mean mutual information asMI = 2mn
∑
MI(i, j), where the index i runs from
1 tom and the index j runs from i+ 1 to n. ThenMIb for positions i and jmay be expressed as the product of the averageMIb
values for positions i and jwith all other positions in the set, divided by the averageMIb of all positions in the set. This term
is called average product correction and it is formally defined as APC(i, j) = MI(i,x)MI(j,x)
MI
. In contrast with the notion of MIb,
the notion ofMIsf is expected to be highly specific and for a given position, it is expected to be coupled only with a limited
number of other positions. Intuitively, the differenceMp(i, j) = MI(i, j)−APC(i, j) should isolateMIsf . Unexpectedly,Mp(i, j)
removes also the influence of entropy [31].
After removing the background noise due to phylogenetic and entropic signals, this method confirms that co-evolved
positions are observed in sites proximal to regions with critical functions for the protein, where co-evolution occurs to
maintain the structural characteristics around these regions and consequently tomaintain the proteins’ conformational and
functional stability [31]. The estimation of MIb is computationally cheap and accurate in contrast with other approaches
based on bootstrapping for estimation of the background that are computationally very expensive [26,69]. The MIp metric
still requires a significant number of sequences in the protein family though.
Another conceptual improvement for methods based on covariance detection of aligned sequences was highlighted
in [26]. Here, the authors propose two types of co-evolved sites to be distinguished during the analysis: pairs of sites that
are spatially proximal, where compensatory mutations could maintain the local structural stability, and clusters of distant
sites that are located in functional domains, suggesting a functional dependency between them. They observe that all sites
detected under adaptive evolution in proteins belong to co-evolution groups, further underlining the importance of testing
for co-evolution in selective constraints analysis.
Statistical Coupling Analysis method. The ability to efficiently propagate energy through a tertiary structure is a fundamental
property of many proteins and is the physical basis for key biological properties such as allostery and signal transmission.
Pathways of co-evolved residues, also called coupled pathways, may represent conduits along which energy distributes
through a protein structure to generate functional features. Based on this idea, a method detecting networks of co-evolved
residues has been introduced by Ranganathan in [42,58].
The method starts from the idea that a protein family is represented by the associated MSA describing evolutionary
constraints on the family. It demands the MSA to be evolutionarily well sampled, that is the MSA be sufficiently large and
diverse where additional sequences do not significantly change the distribution of amino-acids in an alignment position.
Under this assumption, two definitions guide the development of statistical parameters used by the method:
(i) (conservation) conservation at a given site in a MSA is defined as the overall deviance of amino acid frequencies at that
site from their mean values. This means that if a site l contributes nothing to either the folding or function of the protein,
the corresponding amino acid frequencies in the MSA should be unconstrained and, therefore, should approach their mean
values in all proteins (in a database). However, if two (possibly more) sites i and j make some contribution, the amino
acid distributions at these sites should deviate from these mean values, and the extent of this deviation should provide a
quantitative measure of the underlying evolutionary constraint (that is, conservation).
(ii) (co-evolution) statistical coupling of two sites, i and j, is defined as the degree to which amino acid frequencies at site
i change in response to a ‘‘perturbation’’ of frequencies at another site j. This definition of coupling does not require that
the overall conservation of site i changes upon perturbation at j, but only that the amino acid population be rearranged. In
other words, the functional coupling of two sites i and j should exert a mutual evolutionary constraint between these sites,
which should be encoded in the statistical coupling of the underlying distributions of amino acids. That is, the distribution
of residues at site j should depend on those at site i. It then follows that a lack of functional interaction between two sites i
and k should, regardless of conservation at both sites, result in independence of their amino acid distributions.
Given a set S of homologous aligned sequences, to measure the degree of co-evolution, the method computes the
distribution of amino acids at each position of S and determines the set of positions P , that are highly conserved without
being fully conserved. For each position i of P , it induces a perturbation, that is it keeps only the subset S ′ of aligned sequences
that contain the most conserved amino acids at positions i, and looks at all the other positions of S ′. It checks the new
distribution of positions in S ′ at positions i, and deduces energetically connected positions with i based on the idea that
connected positions are expected to share a similar distribution, that is to change similarly.
For example, extracting only the sequences that contain amino-acid a at position i results in a subalignment in which
position i has experienced a substantial statistical perturbation (the fraction of a changes from 0.6 to 1.0 for instance). If
the subalignment still retains sufficient size and diversity so that it remains a representative ensemble of the fold family,
then the following properties should hold. First, sites l, which were not conserved in the parent alignment, should still show
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an amino acid distribution near the mean in all proteins. Second, sites k, which were conserved but not coupled to site i,
should remain unchanged in their amino acid distribution. Finally, the coupling of sites i and j should induce a change in
the observed distribution at site j upon perturbation at i. The magnitude of this change can be quantitatively measured as a
statistical coupling energy between position j and the perturbation at i (with the notion of∆∆Gstatj,i defined in [42,58]).
To compute statistical coupling, one needs to compute the 20 parameters ∆Gxj = kT ∗ ln(Pxj /PxMSA), where x is a
residue, k, T are constants, Pxj is the binomial probability of observing amino acid x at site j given its mean frequency
in all natural proteins, and PxMSA is the probability of observing amino acid x overall in the MSA. These parameters are
combined together to form a vector
−−−→









∆Gstatj is the statistical energy vector of site j in the parent alignment and
−−−→
∆Gstatj|i is the
statistical energy vector of site j in the subalignment derived from the perturbation at i.
Themethod’s last step consists in an ad hoc clustering of co-evolved positions for the detection of networks of co-evolved
residues.
Several examples demonstrated the accuracy of themethod to detect networks of functional and allosteric sites. This was
done on G protein coupled receptors, the chymotrypsin class of serine proteases, hemoglobins and PDZ domains. Networks
of energetic related sites are physically connected in the three-dimensional structure of the protein. See also [17].
The Statistical Coupling Analysis methodmight miss some signals on the functional or mechanical properties of residues
because of the hypothesis on the number of aligned sequences and of sequence divergence which are required to be both
high by the statistical approach for a protein family. In general, these constraints limit the domain of applicability of the
method to well-described families. By exploiting combinatorial information on the distance trees associated to a protein
family, an alternative method (described below) has been proposed to drop divergence constraints [9].
4.2. Combinatorial approaches
The maximal subtrees method. A sequence-based combinatorial alternative to statistical approaches has been proposed in [9]
for the detection of functionally important co-evolved residue networks using phylogenetic information. This combinatorial
approach is based on the analysis of a set of aligned sequences, on the associated distance tree and on the combinatorics of
its subtrees and does not need structural data nor the knowledge of functional residues as the ATD method. The method is
based on four main steps:
1. It selects conserved positions based on the scattering of residues (within the position) in the tree. The combinatorics of the
tree plays a crucial role here in contrast with the analysis done on statistical approaches which are concerned on computing
the entropy of aligned columns. For this step, a novel notion of rank for aligned positions in a MSA is used. It is defined
to be the number of Maximal SubTrees (MST) observed at the position, where a MST is the largest subtree conserving a
residue at the given position in all sequences labeling the nodes of the subtree. This notion is purely based on combinatorial
information extracted from the distance tree.
2. It evaluates all pairs of selected conserved positions accordingly to the distribution of their residues in the tree. Namely,
for each selected position, we parse the distance tree and apply numerical criteria to score co-evolution between pairs of
residues conserved on subtrees and identify positions with similar residue distribution. We construct a matrix, called the
correspondence matrix, that collects scores between all pairs of positions in the MSA.
3. It identifies pairs of conserved and co-evolved positions during evolution, based on new numerical criteria adapted to
tree and subtree analysis. Intuitively, the criteria compare and compute the difference between the correspondence matrix
and the ‘‘ideal’’ matrix, observable in case of ‘‘perfect’’ co-evolution.
4. It clusters co-evolved residue networks reconstruction through an ad hoc designed clusterisation algorithm.
The method has been applied on the haemoglobin example studied in [58] and new co-evolved positions were found
that have not been observed previously due to percentage identity constraints of Ranganathan method. It identifies pairs
of coupled ‘‘residues’’ and not only pairs of positions. This property is of interest for determining meaningful functional
signatures specific to the protein family.
The Co-Evolution of Blocks Analysis method. Structural compensation, that is the adjustment of a protein’s three-dimensional
structure to a mutational change, often involves residues that are proximal in the folded structure [28,52,65]. Based on this
observation and on the analysis coming from [9] which finds blocks of consecutive residues with high index of co-evolution,
we developed a method, called Co-Evolution of Blocks Analysis (CEBA), that looks at co-evolved blocks and checks whether
their co-evolution brings some information on their functional and structural role. The method allows us to find blocks
which co-evolve in some independent manner with other blocks, and to infer that independent signals of co-evolution have
a distinct functional origin.
CEBA detects co-evolved blocks of residues, defines an appropriate score of co-evolution between pairs of blocks,
numerically ranks them depending on their level of co-evolution, and clusters them to obtain networks of co-evolved blocks
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Fig. 2. Hit extension on the right. Alignment of 8 sequences (S1–S8) showing in detail positions 4–8. Position 4 is considered to be a hit. The distribution
of motifs in position 4, is characterized by the residue A occurring in sequences S1–S4 and the residue Q occurring in S5–S8. After extending the hit on
the right with position 5, a motif AV in identified in sequences S1–S4 and a motif QV in S5–S8. The block of positions 4–5 defines a motif distribution that
preserves the hit distribution at position 4. After the right extension of the hit with positions 5–8, the motif AVSAL occurs in sequence S1–S4, QVTNM in
sequence S5 and QVTNL in sequences S6–S8. Three motifs arise and the hit distribution of position 4 is no longer respected.
Fig. 3. First on the left: MUKB protein structure (pdb file 1QHL). Second: three networks of co-evolving residues of MUKB are colored blue, orange and
white. TheWalker-Amotif corresponds to thewhite network. It appears surrounded by the two other networks. Network residues are represented by round
balls. Third: another three-dimensional view of the blue network on the left. Fourth: three clusters (colored differently) have been detected at dimensions
0 and 1 and identify the blue network. Images have been created by using VMD [36]. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)
(Dib and Carbone, manuscript in preparation). In contrast to Ranganathan method and to the other statistical methods
proposed in the literature, where co-evolution of alignment columns is analyzed through a comparison of their residue
distributions, our main focus is on groups of successive positions in the alignment of homologous protein sequences.
Given a protein sequence, we consider a MSA of N sequences homologous to it, whereM is the length of the alignment.
We rank each positionwith a value d ≤ N: a position in the alignment is considered to be of dimension d if it contains exactly
d different residues (or gaps) that appear only once at this position. A position of dimension d is called a hit of dimension d.
There are at most 20 different dimensions (because 20 is the number of letters in the amino-acids alphabet) that are used to
evaluate the space of hits, and they correspond to the number of ‘‘errors’’ or ‘‘exceptions’’ that wewant to accept: dimension
0 is the most restrictive one and it accepts no error, while dimension 20 corresponds to a set of sequences that all display a
different residue. Based on hits, we define blocks as follows. We extend each hit on the left and on the right with adjacent
positions to generate pseudo-blocks that do not alter the hit distribution: the motif distribution of a pseudo-block must be
identical to the residue distribution of its hit (Fig. 2). Notice that pseudo-blocks generated from different hits may overlap.
For each pseudo-block we handle gaps to identify blocks of dimension d: we remove all positions that contain more than
60% of gaps. We also remove duplicate blocks generated by overlapping pseudo-blocks. We say that two blocks co-evolve
when the associated distribution of words satisfies certain combinatorial thresholds (bounding the mutual variability of
words in the blocks) within a given dimension. For each dimension, we evaluate a score of co-evolution between blocks and
can predict, by a transitive rule or other algorithmic criteria, networks of co-evolved blocks. The network reconstruction is
realized by steps and it is based on fusing blocks detected at different dimensions, beginning from those at dimensions 0
and 1.
When applied to a large number of sequences N or to alignments with large length l, the algorithm might have a very
costly computational time. We estimated the time to be O(N2 · l2). To reduce the computational time, we split the original
distance tree organizing the sequences into smaller trees where to run the analysis. This is done by randomly selecting non-
overlapping subtrees of size varying between
√
N and k ·√N , with k being a small constant, such as 2 or 3, in such away that
no more non-overlapping subtrees of that size can be selected within the distance tree. We search for co-evolving blocks
in each randomly selected subfamily and combine the results to determine co-evolving blocks of the initial family. A large
scale analysis of the performance of the method is underway. An example of the application of CEBA is the MUKB family
which is illustrated in Fig. 3.
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5. Random generation of sequences to test the method
Predictions should be tested against real biological data and at themoment experimental evidence on the role of networks
of co-evolved residues is limited to less than ten protein families for which we know quite precisely, about the functional
interactions and allosteric properties. This experimental limitation demands for a theoretical validation of the predictions. A
possible approach is to determine appropriate statistical tests based on random generation of sets of sequences. Co-evolved
residue prediction could be made on randomly generated sets and compared, at a large scale, to predictions on real data.
If predictions on real data could provide a number of residues (covering the 20%–30% of the amino-acids in the protein as
estimated on experimental data) that would appear in clusters within the 3-dimensional structure of the protein while the
random generation could not, this would be evidence of the significance of the results.
Also, some of the signals detected by co-evolutionarymethodsmight be artifacts of the phylogenetic tree [26], that is they
might be signals coming from a niche of the large evolutionary tree of species. Nichesmight induce the detection of stronger
signals of conservation (due to the higher similarity of the sequences) and inappropriate predictions on the maintaining of
functional properties in protein families could be inferred. In order to make sure that positions in aligned sequences are
co-evolving for functional reasons, again, we can model a random set of aligned sequences, sharing a number of suitable
properties with the original ones, and test whether the same amount of important residues can be detected from both sets
as an effect of the intrinsic properties of the sequences.
The generation of random sequences which seems appropriate needs to explicitly preserve:
– the percentage of gaps (corresponding to insertions or deletions in sequences, see Fig. 1 for an example) in real sequences
– the percentage of sequence identity between sequences in the set
– the phylogenetic relationship between sequences in the set
– hydrophobic blocks in sequences, that is consecutive highly hydrophobic blocks
– amino-acid frequency usage
– the frequency of residue types (aromatic, alphamatic, neutral . . . ).
Attempts to generate sets of random protein sequences have been made in [55,57], where some of the conditions above
have been taken into account. The algorithm proposed in [55] produces sets of randomly generated sequences without gaps
by preserving the alignment length and the phylogenetic tree. The approach developed in [57] generates sets of random
sequences with gaps, preserving the length of the alignment and the phylogenetic tree. This is done by producing a distance
tree preserving the topology of the original tree but randomly labeling its nodes. The sequences labeling the leaves will
determine the randomly generated set that one looks for. The root is labeled, by this top-down approach, with the profile (or
consensus sequence) of the MSA computed by considering each alignment position separately and by taking the positional
frequency of residues in each position. Intuitively, the program assigns to the root the description of a complete set of
sequences that can possibly be generated with a probability depending on the frequency of a residue at each position. Given
a profile and a sequence, one can determine with which probability a sequence can be generated within the given profile.
The most likely sequences will be those preserving most of the conservation signals present in the original set.
The model dealing with gaps in [57], demands the specification of a maximum number of gaps in a sequence and the
Chang and Benner’s gap distribution [14] is generated. This distribution does not necessarily reflect the gap distribution in
the protein family under study and a random generation which is closer to the original one could, in principle, work better.
This has to be tested.
To study co-evolutionary signals, a new and different approach to the random generation of sets of sequences is required.
In fact, it is not conservation of residues on single positions that we need to capture but co-evolutionary relationships
between several positions. A novel approach for doing this is most welcome in structural bioinformatics. The approach
should produce a random set of aligned sequences, respecting the phylogenetic tree (its topology and ideally its metric)
and maintaining the co-evolution signal in the protein family. Methodologies like Statistical Coupling Analysis, Maximal
SubTrees and CEBA could be tested to verify their robustness and the probability for a signal to be weakened by noise.
6. Conclusions
Spaces of biological sequences, structures and functions. The study of co-evolution and of conservation brings together the
notions of sequence, structure and function, and demands to unravel the links among these three views of a protein.
Ultimately, we want to reach an understanding of the relations between the three spaces characterized by the sets of
biological sequences, 3-dimensional structures and cellular functions. These sets are far from being completely described
and their interaction is nowadays not understood. Notions as conservation, co-evolution of pairs of residues, coevolution of
pairs of blocks of residues, co-evolution of n-tuples of residues could be helpful to the analysis of the three spaces. Today, we
use them to study specific protein families but, when applied on a large scale, theywill hopefully provide insights on protein
classes and on the functors between spaces. At the moment we are developing tools to allow for the large scale analysis of
these notions.
A randommodel to define conservation and co-evolution.Conservation andmutual conservation, or co-evolution,might appear
at first to be distinguished concepts but the combinatorial approach in [9] exploits the idea that along time evolution,
conservation ‘‘comes before’’ co-evolution, in the sense that before two positions start to co-evolve together both they are
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conserved, and that conservation occupies a specific position within the continuum spectrum where to measure different
degrees of co-evolution. A unifying theory explaining this intuition is missing.
In the MST based combinatorial model of [9], the distinction between conserved and co-evolved positions depend on
the number of MSTs associated to positions. Conserved positions are associated to few (in the ideal case just one) MSTs
and they turn out to have a high score of co-evolution with all other conserved positions due to a strong overlapping of
MSTs across the tree. This means that if we try to match the MSTs of a conserved position against a random combination of
few MSTs covering the same tree, the expected co-evolution score is high. In this sense, the high score of co-evolution for
conserved positions is representative of an independent evolutionary pressure. The notion of ‘‘few’’ above depends on the
family of sequences thatwe look at. Very divergent sequenceswill associatemany trees tomost positions and little divergent
sequences will associate few trees to most positions. A random model is probably the best framework for an appropriate
definition of the concepts of conservation and co-evolution.
Co-evolving networks andmolecule interaction. Co-evolution of residues has been analyzed for several protein families where
experimental results could support the co-evolving networks identified by in silicomethods. These networks, in many cases
correspond to physically close chains of residues in the 3-dimensional structure (andnot necessarily in the sequence) passing
through the protein and connecting non-contiguous regions of a protein’s surface. In other cases, they might correspond
to residues which enter in contact with a known ligand and the intuition of a ‘‘contiguous network’’ might be identified
only through the ligand. It is certain that an appropriate definition of a co-evolving network asks to consider the protein’s
structural environment (that is, the molecules, like small ligands, DNA, RNA or other proteins, that enter in contact with it).
Notice that the study of co-evolution between two or more proteins is a different problem.
Randomized algorithms and noisy data. Methods based on sequence analysis pass through the (automatic) selection of se-
quences that are detected to be homologous and through the (automatic) construction of trees of sequences. Both sequence
selection and tree construction induce errors in the dataset to be analyzed. The randomized approach whose paradigm has
been discussed for the CEBA method, has been demonstrated to provide better results and to render computational time
feasible [24]. While this second aspect generates the interests of the computer science community, which usually works in
problems based on good data, in applied problems, as in bioinformatics problems, we have erroneous data to deal with and
randomized algorithms can be used to improve the quality of the solutions. This is a crucial aspect that seems to have been
overlooked by theoreticians and not formally stated but that is bound to provide an interesting setting of investigation.
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